Abstract: Cultivated barley is known to have a complex population structure and extensive linkage disequilibrium (LD). To conduct robust association mapping (AM) studies of economically important traits in US barley breeding germplasm, population structure and LD decay were examined in a complete panel of US barley breeding germplasm (3 840 lines) genotyped with 3 072 single nucleotide polymorphisms (SNPs). Nine subpopulations (sp1-sp9) were identified by the program STRUCTURE and subsequently confirmed by principle component analysis (PCA). Out of the nine subpopulations, seven were very similar to the respective subpopulations identified by Hamblin et al. (2010) which were based on half of the germplasm and half of the SNP markers, but two subpopulations were found to be new. One subpopulation was dominated by six-rowed spring lines from Utah State University (UT) and the other was composed of six-rowed spring lines from multiple breeding programs (USDA-ARS Aberdeen (AB), Busch Agricultural Resources Inc. (BA), UT, and Washington State University (WA)). LD was found to decay across a range from 4.0 to 19.8 cM. This result indicates that the germplasm genotyped with 3 072 SNPs would be robust for mapping and possibly identifying the causal polymorphisms contributing to disease resistance and perhaps other traits.
Introduction
The primary aim of association mapping (AM) is to identify the causal genetic variants that are responsible for phenotypic variation in a collection of individuals. However, since the individuals collected are usually not independent and belong to different subpopulations, spurious associations may be found between phenotypic traits and markers (Ewens and Spielman, 1995) . For example, if disease resistance is common in one subpopulation and rare in other subpopulations, all markers that are fixed or in high allele frequency are likely to be associated with that resistance trait (Pritchard and Rosenberg, 1999; Pritchard et al., 2000) . Thus, population structure analysis, which can identify and account for the relationships among individuals in a mapping panel, is usually the first and one of the most important steps in AM.
The plant population structure can be complex (Yu et al., 2005) . In barley (Hordeum vulgare L.), populations can be divided into groups: based on spike morphology (two-rowed vs. six-rowed), intended use (malting vs. feed or food), and growth habit (winter/facultative vs. spring types). In individual breeding programs, lines are usually under independent selection for different target traits such as yield, malting quality, and disease resistance, leading to further population subdivisions. In addition, crosses between elite breeding lines and exotic germplasm (e.g., ranging from breeding lines of other programs to wild barley accessions) are often made to improve various barley traits and also can contribute to population structure. Recent studies have confirmed the presence of strong genetic structure in cultivated barley (Malysheva-Otto et al., 2006; Rostoks et al., 2006; Saisho and Purugganan, 2007; Comadran et al., 2009; Hamblin et al., 2010) .
In addition to population structure, another critical factor in AM is linkage disequilibrium (LD) which is non-random association of alleles between two loci. Due to the large genome size of most plant species, the number of available molecular markers will not sufficiently capture all of the existing genetic variation (Mangin et al., 2012) . Even if markers could capture all of this variation, the current prohibitive costs of such genotyping would necessitate that only a subset of markers spanning the genome be used in genome-wide mapping studies. For example, there are about 10 million genetic variants (single nucleotide polymorphisms or SNPs) in the human genome, but the HapMap phase II project only used 3.1 million SNP markers (31%) to identify the common diseaseassociated loci (Frazer et al., 2007; Bhangale et al., 2008) . The rationale for using a portion of available genetic variants to represent all genetic variation in a species is based on LD. If the causal gene is in strong LD with one or more markers, these markers will be identified as being significantly associated with the trait through a whole genome scan. However, in extreme cases where all genetic variants are independent, one would have to sequence the entire genome and examine every variant until the causal one is found. LD is therefore a critical factor in AM because its rate of decay in a species determines the density of molecular markers needed for such analyses (Rafalski, 2002) . If LD extends over a long distance, e.g., in many self-pollinated species such as soybean (Hyten et al., 2007) , wheat (Chao et al., 2007) , barley (Malysheva-Otto et al., 2006; Comadran et al., 2009; Hamblin et al., 2010) , and Arabidopsis (Nordborg et al., 2002) , fewer markers are needed to cover the entire genome. On the other hand, if LD extends over a very short distance, a much higher marker density is required to cover the genome. Such is the case in humans where LD extends to only one kilobase and researchers have to select millions of SNP markers identified from whole genome sequencing for conducting genome-wide association studies (Frazer et al., 2007; Ku et al., 2010) . A similar situation exists in maize, an out-crossing plant species (Remington et al., 2001) . If marker density is not sufficiently high, the extent of LD across the entire genome cannot be rigorously assessed and thus portions of the genome will remain poorly described (Rafalski, 2002) . Thus, characterizing the extent of LD in a germplasm panel is necessary for the interpretation of AM results.
The developments of numerous molecular markers for various plant species, high throughput sequencing techniques (Metzker, 2009) , and modern analytical tools (Yu et al., 2005; Kang et al., 2008; Kang and Sul, 2010; Zhang et al., 2010) have led to new initiatives for utilizing AM to identify causal variants for diverse traits (Zhu et al., 2008) such as flowering time, kernel composition, and kernel color in maize Palaisa et al., 2004; Wilson et al., 2004) ; developmental and floweringrelated traits in Arabidopsis (Atwell et al., 2010) ; multiple agronomic traits in sugar beet (Würschum et al., 2011) ; quality traits in potato (D′Hoop et al., 2008) ; disease resistance in sugarcane (Wei et al., 2006) ; wood property traits in Pinus taeda (González-Martínez et al., 2007) ; disease resistance in barley (Massman et al., 2011) ; and flowering time in ryegrass (Skøt et al., 2007) .
To develop the tools for the genome-wide AM of economically important traits in barley, the Barley Coordinated Agricultural Project (BCAP) (http://www. barleycap.org) was established in the United States. The complete BCAP germplasm for AM consists of 3 840 elite breeding lines from ten different improvement programs (384 from each). This panel was genotyped with 3 072 SNP markers that were identified from barley expressed sequence tags (ESTs) and sequenced amplicons by Close et al. (2009) . Elite breeding lines were selected for BCAP in order to fully exploit agronomically pertinent germplasm and utilize beneficial alleles directly in subsequent breeding generations without the negative impact of linkage drag-the association of deleterious alleles with selected alleles. To robustly perform the AM of economically important traits, population structure patterns and LD in BCAP germplasm must be characterized. A study on this topic was recently completed on just a subset of the complete BCAP germplasm (1 816 of 3 840 total lines) and SNP marker set (1 536 of 3 072 total markers) by Hamblin et al. (2010) . However, many of the current and likely future, AM studies for BCAP will include the complete panel. Moreover, to obtain higher power and better resolution in AM studies, it is essential to use the complete BCAP germplasm as the mapping panel (Risch and Merikangas, 1996; Jannink and Walsh, 2002) ; thus it is meaningful to have population structure and LD analyses to be conducted for the complete germplasm and SNP marker set. Therefore, the objectives of this study were to: (1) characterize population structure within BCAP germplasm using the Bayesian Markov Chain Monte Carlo (MCMC) and principle component analysis (PCA) approaches, and (2) determine the LD decay within this same germplasm.
Materials and methods

Plant materials
The germplasm panel used in this study was developed by BCAP and consisted of elite barley breeding lines from ten programs in the United States (Table 1) . Eight programs utilize spring type barley, and two utilize winter or winter/facultative type barleys. Aside from yield, quality, and agronomic traits, these breeding programs focus on different end uses for barley such as malting, feed, and food. All lines were inbred to at least the F 4 generation and were selected to be representative of each program (Hamblin et al., 2010) . Ninety-six lines were submitted from each of the ten breeding programs in each year of the project from 2006 to 2009. Thus, the total number of lines evaluated per year was 960 for a project total of 3 840. The complete BCAP germplasm panel was designated as CAP.
SNP genotyping
Lyophilized leaf tissue from a single plant selection of each barley line was sent to the US Department of Agriculture (USDA)-Agricultural Research Service (ARS) Biosciences Research Laboratory in Fargo, ND for DNA extraction and genotyping. DNA was isolated according to standard procedures (Pallotta et al., 2003) . Following the protocols of Illumina's GoldenGate Bead Array Technology (Illumina, San Diego, CA, USA) (Fan et al., 2003) , two barley oligonucleotide pool assays (BOPA1 and BOPA2) (Close et al., 2009 ) containing allele specific oligos for a set of 3 072 SNPs were used to genotype the barley lines. All lines were genotyped by Illumina SNP technology (Gunderson et al., 2004) on the Illumina ® BeadStation 500G.
Population structure
The program STRUCTURE (Version 2.1) (Pritchard et al., 2000; Falush et al., 2003) , which implements a Bayesian MCMC approach, was used to estimate the membership probability of each barley line to a number of hypothetical subpopulations (K). To avoid overestimation of subpopulation divergence caused by tightly linked SNP markers (Falush et al., 2003) , a subset of markers (designated as snp1) with approximately 10 cM spacing was selected for the analysis. Additionally, a second independently selected subset (snp2) of markers with similar spacing also was analyzed to provide some validation. These two subsets were then combined to form a new larger subset (snp1&2) of 205 SNP markers. The snp1&2 subset was used to confirm that a sufficient number of markers were present in the two smaller subsets for inferring subpopulations and also to calculate the final subpopulation membership matrix (Q), which is the fractional subpopulation membership for each barley line. For each marker subset, subpopulation numbers from 2-15 were modeled with a burn-in of 10 000 cycles, followed by 50 000 iterations with ten independent runs using an admixture model. Posterior probability Pr(X|K) of each K was generated by the program and lnPr(X|K) was plotted against each value of K. The optimal subpopulation number (K) was then estimated based on the value and variation of Pr(X|K) as well as the rate of lnPr(X|K) change from K−1 to K. The determined optimal K was then used in an additional run of STRUCTURE with the same settings, except a burn-in of 50 000 cycles and run of 100 000 iterations to calculate the final matrix Q and relative distance between each pair of subpopulations. A Kullback-Leibler distance (Dragalin et al., 2003) (a measure of dissimilarity between two subpopulations) table also was generated. PCA, a classical nonparametric linear dimensionality reduction technique (Jolliffe, 2002) , also was conducted as an alternative method for determining population structure. This analysis was performed using the software program TASSEL (Version 3.0) (Bradbury et al., 2007) . SNP markers with minor allele frequency (MAF)>0.05 were used in the PCA. A matrix P, which consists of principle component vectors accounting for population structure, was generated.
Structure in CAP was visualized by creating a scatter plot of the first three principle component vectors. To compare the results of population structure division, each barley line was assigned to a subpopulation based on the membership proportion from matrix Q (from the output of STRUCTURE software) and then color-coded in the scatter plot.
Linkage disequilibrium
Pair-wise measures of LD (r 2 ) were calculated with Haploview (Version 4.2) (Barrett et al., 2005) using SNP markers with MAF>0.05 in CAP and in each subpopulation defined by STRUCTURE. Significance of each pair-wise LD comparison was determined (P-value≤0.05) using the formula χ 2 =2nr 2 where n is the number of individuals in the panel and df=1. Due to the intensive computational requirements, only intra-chromosomal LD was calculated. For each chromosome, pair-wise LDs (r 2 ) with P-values<0.05 were plotted against genetic distance (cM), and a second-degree smoothed loess curve (Cleveland, 1979) was fit using the program R (www.R-project.org) to summarize the relationship of LD extent and genetic distance. Background LD, which is the random association between two loci, was determined by the 95th percentile of unlinked r 2 values (i.e., LD between any pair of markers greater than 50 cM apart (Haldane, 1919) in program R). The intersection of the loess curve and background LD was considered as an estimate of LD decay (Breseghello and Sorrells, 2006).
Results
Marker statistics
Based on the consensus map developed by Close et al. (2009) , 2 943 out of 3 072 total SNP markers (from BOPA1 and BOPA2) were mapped to the seven barley chromosomes and spanned a distance of 1 099 cM. The number of polymorphic markers (MAF>0.0) was calculated for each breeding program and ranged from 1 865 for MN to 2 713 for OR (Table 1) . SNP markers with >20% missing data or <5% MAF were removed, resulting in 2 099 mapped markers. Breeding lines in the panel with >10% missing data also were removed, resulting in 3 733 total lines. Thus, the final data matrix of 3 733 lines×2 099 marker loci was used to investigate population structure and LD in CAP.
SNP marker coverage of the genome was good for the CAP and averaged 1.9/cM. Gaps between SNP markers ranged from 0 to 10 cM with a mean of 0.5 cM. Only ten gaps larger than 5 cM were identified: one each on chromosomes 1H, 3H, and 6H, four on chromosome 5H, and three on chromosome 7H (Table 2) .
MAF for the complete set of SNP markers (3 072) in each breeding program was calculated and plotted ( Fig. 1) . The median MAF ranged from 0.039 for N6 to 0.276 for BA. The MN and N6 programs had by far the lowest median MAF as more than half of the SNP markers had values less than 0.05. In contrast, the AB and BA programs had the highest median MAF. The MN program also had two special characteristics that set it apart from the other programs: (1) it had the smallest inter-quartile range (IQR: distance between the upper quartile and lower quartile-a measure of variability in the data) and (2) it had 340 outliers (MAF distributed out of the range of 1.5×IQR from the median), while the other programs had none. The heterozygosity rate was also calculated for each breeding program (Fig. 1) and ranged from 0.07% for BA to 1.22% for OR. The distribution of rare SNP markers (MAF<0.05) among the ten breeding programs is shown in Table 3 and ranged from 386 for AB to 1160 for N6. The number of shared rare SNP markers ranged from 89 (between OR and MN) to 506 (between MN and N6).
Population structure
The STRUCTURE program was used to analyze population structure in CAP. Three subsets of SNP markers, snp1, snp2, and snp1&2, were analyzed independently to determine the optimal subpopulation number (K) within the final panel number of 3 733 lines. The snp1 and snp2 subsets included 103 and 102 markers, respectively, spanned all seven chromosomes, and had gap sizes ranging from 7-12 cM. The snp1&2 subset included 205 markers across the genome with gap sizes ranging from 1.8-9.0 cM. Posterior probability increased gradually from K=3 and reached a near-stationary stage at K=9. Additionally, the first decrease in posterior probability was observed from K=9 to K=10 in all three SNP marker subsets (Table 4) . Large variations within the ten independent runs were observed at K=10, 12, and 15 using the snp1&2 subset. STRUCTURE results from all three marker subsets indicated that 9 is the optimal number of subpopulations (K). 
MAF
Most subpopulations were strongly represented by lines from specific breeding programs (Table 5) . For example, 84% of lines (366) of subpopulation 2 (sp2) were from MN, 85% of lines (355) of sp3 were from VT, 76% of lines (380) of sp4 were from N2, 99% of lines (247) of sp5 were from UT, 88% of lines (369) of sp6 were from N6, and 100% of lines (207) of sp7 were from OR. In contrast, sp1, sp8, and sp9 were not as strongly dominated by lines from a single breeding program and included a wider mixture of lines.
Assignments of lines to sp1, sp2, sp3, sp4, sp6, sp7 and sp8 were, in general, very similar to the respective subpopulations of 2sp(BA) (90.4% identical assignment), 6sp(MN) (68.5%), 6wi(VT) (91.7%), 2sp(N2) (97.7%), 6sp(N6) (83.6%), 6wi(OR) (97.6%), and 2sp(WA) (91.7%) identified by Hamblin et al. (2010) which was based only on CAPI and CAPII and half (1 536) of the total SNP markers. The lower percentage of identical line assignments for subpopulations 6sp(MN) and 6sp(N6) was due to 91 and 34 lines, respectively, being assigned to the new subpopulation sp9 in this study.
In addition to subpopulation membership, STRUCTURE also generated a Kullback-Leibler divergence table, which shows the relative distance between each pair of subpopulations (Table 6 ). The smallest distance found between pairs of subpopulations was 0.14 for sp6 (dominated by N6) and sp9 (dominated by AB and BA), followed by 0.22 for sp2 (dominated by MN) and sp9, and 0.33 for sp2 and sp6. The largest distance (2.23) found between subpopulations was for sp2 and sp3 (dominated by VT). The first decreases in the mean lnPr(X|K) were found for K=9 to K=10 and are given in bold. a The value of lnPr(X|K)−lnPr(X|K−1) for K from 2 to 15
PCA also was used to analyze population structure in CAP (Fig. 2) . Three major clusters consisting of spring two-rowed, winter/facultative six-rowed, and spring six-rowed lines were identified. The first PC was due predominantly (20.3%) to different row types (i.e., six-rowed vs. two-rowed), and the second PC (10.5%) was due to winter/facultative vs. spring types. PC3 explained only 3.9% of the total variation, but it separated the two sub-groups within the two-rowed spring lines. Additionally, when the lines were color-coded with their subpopulation membership (Fig. 2) as defined by STRUCTURE, PC3 also separated some of these subpopulations. For example, sp1 (in black, dominated by two-rowed lines from AB, BA, MT, and WA) and sp8 (in grey, dominated by MT and two-rowed lines from WA) were clearly separated by PC3. Most of the CAP lines were captured by the three major clusters, the exception being lines from sp5 (in pink, dominated by six-rowed lines from UT), which lie in the center of three clusters. The three smallest distances between subpopulations are given in bold and the largest distance is in italics STRUCTURE and PCA were both used in this study to analyze the population structure within CAP. The results of these analyses are compared in Fig. 2 . In this figure, sp1 (in black), sp3 (in yellow), sp4 (in blue), sp5 (in pink), sp7 (in purple), and sp8 (grey) were, in general, separated into definite clusters by the three PCs, although some lines from sp4 (in blue, dominated by N2) were mixed into sp1 (in black, dominated by two-rowed lines from AB, BA, MT, and WA) and a few lines from sp1 were mixed into sp5 (in pink, dominated by six-rowed lines from UT). Lines in sp2 (in green, dominated by MN), sp6 (in orange, dominated by N6), and sp9 (in red, dominated by AB and BA) exhibited a greater degree of overlap with each other. However, in general, all nine subpopulations could be distinguished from the plot. This indicates that PCA and STRUCTURE subdivided the population in a very similar way and that the PCA results confirmed that K=9 was optimal. In addition, the pair-wise distances between subpopulations (defined by STRUCTURE) on the plot also generally matched the Kullback-Leibler distances between each pair of subpopulations (Table 6 ). For example, sp2 (in green), sp6 (in orange), and sp9 (in red) exhibited some degree of overlap in the plot (Fig. 2) and also were the ones showing the closest pair-wise distances (Table 6 ). In contrast, the largest distance found from the Kullback-Leibler table was between sp2 (in green, dominated by MN) and sp3 (in yellow, dominated by VT); these two subpopulations also showed a large separation in the PCA plot from the lower left corner for sp2 to the upper right corner for sp3 (Fig. 2) .
Linkage disequilibrium
Classical pair-wise intra-chromosomal LD (r 2 ) was first calculated for the CAP and then for the nine subpopulations (sp1-sp9) defined by STRUCTURE. In CAP, 94% of the total pair-wise LD was significant, whereas in the nine subpopulations the values ranged from 43% in sp2 to 66% in both sp1 and sp5 (Table 7) . In all cases, LD was extensive. Long range LD (>50 cM) was observed in CAP and all of its subpopulations. The average significant LD extent was 46.6 cM in CAP and ranged from 35.5 cM in sp2 to 44.0 cM in sp3 for the subpopulations (Table 7) .
To determine LD decay, background LD was first estimated in order to establish the LD threshold in CAP and each subpopulation ( Table 7) . The highest extent of background LD was 0.3 in CAP and ranged from 0.04 (sp2) to 0.12 (sp5) in the subpopulations. With respect to CAP, the background LD and second degree loess curve did not intersect; thus, it was not possible to estimate LD decay (Table 7) . Estimates of LD decay in the nine subpopulations ranged from 4.0 cM in both sp3 and sp5 to 19.8 cM in sp2 (Table 7) . sp1: in black, dominated by BA (31%), AB (23%), MT (23%), and WA (12%) sp2: in green, dominated by MN (84%) sp3: in yellow, dominated by VT (85%) sp4: in blue, dominated by N2 (76%) and MT (18%) sp5: in pink, dominated by UT (99%) sp6: in orange, dominated by N6 (88%) sp7: in purple, dominated by OR (100%) sp8: in grey, dominated by WA (59%) and MT (27%) sp9: in red, dominated by AB (34%) and BA (31%) of US barley breeding germplasm based on PCA The first PC was due predominantly (20.3%) to different row types (i.e., six-rowed vs. two-rowed), and the second PC (10.5%) was due to winter/facultative vs. spring types. PC3 only explained 3.9% of the total variation, but it separated the two subgroups within the two-rowed spring lines. The nine subpopulations (sp1-sp9) defined by STRUCTURE were color-coded and numbered. The three major clusters defined by PCA also were labeled. 
Discussion
One of the primary goals of the BCAP is to identify markers linked with beneficial traits using an AM approach. Achievement of this objective will make the breeding process more efficient and ultimately lead to the more rapid development of barley cultivars with superior yield, quality, and agronomic traits. However, it does have some disadvantages, notably the requirement for controlling population structure within the mapping panel (Yu et al., 2005) and the need for high marker density. A study based on just a subset of the complete BCAP germplasm (1 816 of 3 840 total lines) and SNP marker set (1 536 of 3 072 total markers) (Hamblin et al., 2010) was recently completed. However, most traits, such as yield, heading date, malting quality, disease resistance, and morphological traits, were collected from the entire CAP germplasm. Moreover, to obtain higher power and better resolution in AM studies as well as a more accurate analysis of population structure and LD extent, it is essential that all available lines and SNP markers be included in the mapping panel (Risch and Merikangas, 1996; Jannink and Walsh, 2002) .
Population structure
Different end uses, growth habits, and row types of breeding lines can all affect the population structure in barley panels (Malysheva-Otto et al., 2006; Rostoks et al., 2006) . Based on the SNP markers used in this study, clear evidence was found for population structure, i.e., large variation in polymorphic marker numbers, MAF distribution, heterozygous rate, and rare SNP numbers (Tables 1 and 3; Fig. 1) . A low frequency of polymorphic markers indicates less diversity within a specific breeding program due likely to the fixation of loci within the program or possibly to an unknown contribution of ascertainment bias (Hamblin et al., 2010) . The Upper Midwest six-rowed malting barley programs of MN and N6 had the lowest number of polymorphic markers, indicating that they are the least diverse among all BCAP programs, although the existence of structure within each individual program could be a confounding factor. For example, the AB, WA, UT, BA and OR programs are comprised of both two-rowed and six-rowed lines (Table 1 ). Thus, it is possible that subgroups within a breeding program may have an even lower number of polymorphic markers. However, under the broader scope of individual breeding programs, the MN and N6 programs were genetically the least diverse. This may largely be due to the strict requirements for malting quality mandated by industry (Wych and Rasmusson, 1983) . Other evidences for this low diversity include the lowest median MAF and the second and third lowest heterozygous rates (Fig. 1) , both of which are important genetic diversity (Cornuet and Luikart, 1996) . The narrow gene pool of Midwest six-rowed spring barley (MN and N6) also was reported by other researchers (Wych and Rasmusson, 1983; Horsley et al., 1995; Condón et al., 2008; Mikel and Kolb, 2008; Hamblin et al., 2010) . Another important statistic in population genetics is the number of rare polymorphisms (variants). Rare variants are more likely to be recently derived than other common variants and are, therefore, more likely to be population specific (Watterson and Guess, 1977 ). Hence, rare variants are very sensitive indicators of the relationships among different populations. The MN and N6 programs share the highest number of rare SNP markers, suggesting a close relationship between them (Table 3 ). This pattern of sharing is consistent with an ancestry study showing that MN and N6 share four common ancestors out of only six and seven total ancestors for the two programs, respectively (Martin, 1991) . Low values of the Kullback-Leibler distance statistics among Midwest six-rowed spring subpopulations (sp2, sp6, and sp9) from STRUCTURE analysis (Table 5 ) and overlapping scatter plots of Midwest six-rowed spring lines (Fig. 2 ) from PCA analysis are further evidences for the close relationship between these two programs.
Two widely used methods that account for population structure in AM studies are the Bayesian MCMC method implemented in the STRUCTURE program (Pritchard et al., 2000) and PCA (Patterson et al., 2006) . These two methods were implemented for structure analysis in this study and their results compared. The results derived from PCA were very similar to those obtained from STRUCTURE for CAP (Fig. 2) . Similar conclusions were also reported by others (Patterson et al., 2006; Song et al., 2009; Mezmouk et al., 2011) . Thus, it appears that there are no serious shortcomings of using PCA for population structure analysis. Moreover, PCA has the added advantages of being much faster in generating the complete analysis and also more parsimonious in its use of computational resources.
STRUCTURE is a program that classifies individuals into discrete populations (Pritchard et al., 2000) . In this study, the optimal subpopulation number was determined by running STRUCTURE with three sets of SNP markers. Selection of nine as the optimal subpopulation number was based on a rigorous analysis of two independent marker subsets (snp1 and snp2) as well as the combined subset (snp1&2). Moreover, it agrees with the analysis of Hamblin et al. (2010) on the CAPI and CAPII panels (Table 5 ). In the analysis of Hamblin et al. (2010) , the germplasm was divided into seven subpopulations, 2sp(BA), 6sp(MN), 6wi(VT), 2sp(N2), 6sp(N6), 6wi(OR), and 2sp(WA), which correspond to sp1, sp2, sp3, sp4, sp6, sp7, and sp8, respectively, in our analysis. Compared to their study, the subpopulations of sp5 and sp9 defined in this study were "new". This is likely due to the fact that in their study, only 96 UT lines (from CAPII) were included, while in this study all UT lines (384 from CAPI to CAPIV) were considered. The population size of 96 for UT in Hamblin et al. (2010) was too small to assign a new subpopulation; thus, these 96 lines were assigned to 2sp(BA), 6sp(N6), 6wi(VT), 2sp(WA), and an unassigned admixture group. In this study, the larger set of UT lines was placed in an independent subpopulation (sp5), which consisted of 99% UT (247 lines) and 1% AB (2 lines) ( Table 5 ). The other new subpopulation (sp9) was mainly composed of six-rowed spring lines from AB, BA, UT, and WA. Again, because of the small population size, these lines were assigned into 6sp(MN) and 6sp(N6) in the study of Hamblin et al. (2010) .
Unlike the program STRUCTURE, which assigns individuals into discrete populations, PCA plots the coordinates of each individual along axes of variation without resorting to a model (Patterson et al., 2006; McVean, 2009) . Therefore, subpopulations can be visualized by plotting the first few eigenvectors (see CAP example from this study in Fig. 2) . However, one disadvantage of PCA is that it does not perform well in an admixed population (Patterson et al., 2006; Boyko et al., 2009 ). In such populations, the expected allele frequency of an individual is a linear combination of the frequencies in its ancestors. PCA will fail in this case because all individuals in the admixed population will have the same ancestry proportion (Patterson et al., 2006) . For example, in this study, the Midwest six-rowed spring barley programs, i.e., sp2 (in green, dominated by MN), sp6 (in orange, dominated by N6), and sp9 (in red, dominated by AB and BA), may represent such an admixed population (Fig. 2) . These programs have a very narrow gene pool and also share a large proportion of founders (Horsley et al., 1995; Condón et al., 2008; Hamblin et al., 2010) . Because of gene recombination, each Midwest line has a different size and location of a founder's chromosomal segments, but the proportion of one founder's genetic material is likely to be constant. As mentioned above, if all lines have the same amount of genetic proportion contributed by its ancestors, PCA is less likely to work well for describing structure. The program STRUCTURE, with its model-based clustering method, does not depend on the ancestry proportion. Thus, with this program, Midwest lines were clearly assigned into three groups, sp2, sp6, and sp9 (Table 5 ). Because of the limitations of PCA in addressing structure in populations with heavy admixture history, one must be very cautious in accounting for structure in AM.
Linkage disequilibrium
LD is the nonrandom association of alleles at two or more loci in a population. However, since AM panels now tend to be quite large, the structure within them becomes a critical factor in considering the extent of LD. In this study, LD was first calculated without considering structure in CAP. Then, LD was estimated in each subpopulation as defined by STRUCTURE, which removed some degree of structure effect. Without considering the effect of structure, 94% of pair-wise intra-chromosomal LD was significant and the background LD was as high as r 2 =0.3 (Table 7 ). The background LD was determined as the LD between two loci that are more than 50 cM apart because, in such cases, the two loci should be unlinked (Haldane, 1919) . Background LD is mostly due to other factors, such as selection, genetic drift, and structure (Flint-Garcia and Thornsberry, 2003) . However, because CAP is a highly structured population, the main factor contributing to high background LD may well be structure. To prove this hypothesis, LD was estimated in subpopulations sp1-sp9, which should have limited structure. The results revealed a sharp decrease in background LD (Table 7) . Additionally, subpopulations with more diversity (more unexplained structure within each subpopulation) tended to have higher background LD. For example, sp5, which was composed almost entirely (99%) of six-rowed spring lines from UT, has a very diverse genetic background (Prof. David HOLE, Utah State University, May 2012, personal communication), which can be inferred from the dispersed plotting of sp5 in Fig. 2 and also the highest background LD (r 2 =0.12) among all subpopulations. In contrast, Midwest six-rowed spring subpopulations (sp2, sp6, and sp9) with a very narrow genetic pool (Horsley et al., 1995; Condón et al., 2008; Hamblin et al., 2010) had a much lower background LD from 0.04 to 0.07. These results indicate that structure is an important confounding factor for LD estimation in CAP.
LD decay is the key factor for determining the minimum marker density needed for AM. In this study, the intersection of the loess curve and background LD was used as the estimated value for LD decay. The Midwest six-rowed spring subpopulations of sp2, sp6, and sp9 have a long LD decay (Table 7) of 19.8, 15.9, and 12.0 cM, respectively. This long LD decay again confirms the narrow gene pool of these breeding programs. In contrast, six-rowed spring lines from sp5 (99% UT) and six-rowed winter lines from sp3 (dominated by VT) have the shortest LD decay, which again suggests the diverse genetic background of these two subpopulations. Due to the confounding effect of population structure, LD decay could not be estimated in the CAP using this method because there was no intersection between the loess curve and background LD (Table 7) . However, overall LD decay in CAP should be between the LD in the most genetically diverse subpopulation (sp3) and the LD in the most genetically narrow subpopulation (sp2), which ranged from 4.0 to 19.8 cM (Table 7) . This extensive overall LD decay indicates that genetic variations within BCAP germplasm may be well represented by BOPA1 and BOPA2 SNP markers and thus this data matrix of 3 733 lines×2 099 marker loci may be very robust for mapping causal polymorphisms contributing to disease resistance and perhaps other traits (Zhou, 2011) .
